How to manage conflict is still an open issue in Dempster-Shafer (D-S) evidence theory. The conflict coefficient k in D-S evidence theory cannot represent conflict reasonably, especially sometimes two Basic Probability Assignments (BPAs) are identical but k is not zero. Generalized information quality, as a concept of data fusion, can effectively measure the uncertainty of BPA. However, how to use the generalized information quality to manage conflicts is still an open question. Therefore, this paper proposed a new correlation coefficient based on generalized information quality to manage conflict. This method can better reflect the correlation coefficient between BPA. Numerical examples are used to demonstrate the effectiveness of the correlation coefficient based on generalized information quality. In addition, a weighted average combination rule based on the new correlation coefficient is presented. A numerical example in target recognition is illustrated to show its validity in combining conflicting evidence.
I. INTRODUCTION
Dempster-shafer's evidence theory as an uncertainty reasoning method has been widely used in decision making [1] - [3] , evidential reasoning [4] - [7] , risk evaluation [8] , [9] , pattern recognition [10] , [11] , target recognition [12] , [13] , fault diagnosis [14] , etc., [15] - [17] . However, some open issues are not well solved, such as the conflict coefficient k in D-S evidence theory cannot represent conflict reasonably.
As a measure of uncertainty of probability distribution, the information quality [18] has been applied to decision making [19] , [20] , pattern classification [21] , [22] and maximum fusion [23] etc., [24] . Li et al.'s proposed a generalized information quality, which can efficiently to measure the uncertainty of BPA. But how to use the generalized information quality to measure the conflict between two BPAs is still a question. Therefore, the paper proposed a correlation coefficient based on generalized information quality. This method proposed a new factor D, which can more effectively reflect the relationship between BPA. Therefore, this method can also better reflect the correlation coefficient between BPA. Some properties of the method will be introduced, and some The associate editor coordinating the review of this manuscript and approving it for publication was Mostafa M. Fouda . numerical examples will be used to illustrate the effectiveness of the method.
The rest of the article is organized as follows. In the second section, the combination rules in the evidence theory, the information quality [18] and a generalized information quality are introduced. In the third section, the related works on conflict measurement are introduced. In the fourth section, the correlation coefficient based on generalized information quality proposed in this paper is introduced, and the effectiveness of this method is illustrated by a large number of examples. In the fifth section, a weighted average combination rule based on correlation coefficient will be proposed and a numerical example will be used to illustrate it. The sixth section is a brief conclusion.
II. PRELIMINARIES
This section will introduce some preliminary knowledge, including evidence theory, the information quality [18] and a generalized information quality. its efficiency to model uncertainty [29] - [33] . such as decision making [34] , [35] , evidential reasoning [5] , [6] , pattern recognition [36] , target recognition [37] , fault diagnosis [14] , risk evaluation [38] . In addition, it provides a bridge to connect different type of uncertain information such as entropy [39] , [40] Z-numbers [41] - [45] , D numbers [46] - [49] , belief structure [50] - [52] and fuzzy sets [53] - [57] . However, some open issues are not well solved, such as how to determine whether the frame of discernment is incomplete or not is still an open issue [58] .
Definition 1: The basic probability assignment is defined as follows, assume A is a subset of X, let A mapping a number m where m ∈ [0, 1], and satisfies [59] , [60] :
The mass m(A) indicates the degree of support for evidence A.
Definition 2: Given two basic probability assignment, the Dempster's combination rule, defined as follows [60] :
k is the conflict among the evidences.
B. INFORMATION QUALITY
As a measure of uncertainty of probability distribution, The information quality [18] has been applied to decision making [19] , [20] pattern classification [21] , [22] and maximum fusion [23] etc., [24] . Definition 3: Given a probability distribution, the information quality is defined as follows [18] :
The bigger the value of information quality, the more certain information provided by the probability distribution.
C. GENERALIZED INFORMATION QUALITY
Definition 4: Given a basic probability allocation, the generalized expression for information quality is defined as follows:
where m i is a mass function defined on the frame of discernment X , and |A| is the cardinality of A. The belief of each focal element is divided by an item (2 |A| − 1), which represents the number of potential states in A. The higher the value of generalized information quality, the higher the information certainty provided by BPA.
III. RELATED WORK ON CONFLICT MEASUREMENT A. EVIDENCE DISTANCE
Jousselme et al. [61] proposed a distance measure for belief functions.
Definition 5: When the discernment frame is X = {1, 2, · · · , N }, the distance between m 1 and m 2 is represented by:
where
In the transferable belief model(TBM) [62] , Smets proposed a method to turn BPAs to the pignistic probabilities. Definition 6: When the discernment frame is , the associated Pignistic Probability Transformation(PPT) function BetP m is defined as
where |A| is the cardinality of subset A. Based on this operation, Liu [63] proposed the concept of pignistic probability distance to measure the difference between two pieces of evidence.
Definition 7: When the discernment frame is , the Pignistic probability distance between m 1 and m 2 is defined as
C. LIU'S CONFLICT MODEL
In ref [63] , Liu noted that the classical conflict coefficient k cannot effectively measure the degree of conflict between two pieces of evidence. A two-dimensional conflict model is then proposed. Definition 8: When the discernment frame is , the twodimensional conflict model is defined as
where k is the classical conflict coefficient of Dempster combination in Eq. 3, Iff both k > ε and difBetP > ε, m 1 and m 2 are defined as in conflict, where ε is the threshold of conflict tolerance.
D. LEFEVRE AND ELOUEDI'S CONFLICT MEASUREMENT
Lefevre and Elouedi [64] proposed a novel method named Combination With Adapted Conflict(CWAC) rule to deal with conflict. It is defined as follows.
where m ∩ (A) is the induced result of the conjunctive combinations of two BBAs m 1 and m 2 .
E. PLAUSIBILITY CONFLICT MEASUREMENT
Daniel [65] defined the plausibility conflict between two BPAs as follows:
F. DISSIMILARITY MEASURE APPROACH Ma and An [66] present a combination approach of conflict evidence with a probabilistic dissimilarity measure. Firstly, they proposed a probabilistic transformation function defined as follows:
Then, the authors use the fuzzy nearness to measure the similarity between BBAs by maximum-minimum method:
∧ and ∨ are the operators for calculating the minimum and maximum, respectively.
To reflect the difference of two conflicting or nonconflicting sources of evidence, the authors then propose a correlation coefficient defined as follows:
The dissimilarity to measure the degree of conflict is defined as:
G. SONG et al. 's CORRELATION COEFFICIENT
Song et al. [67] proposed a correlation coefficient for the relativity between two BPAs, and used it to measure the conflict.
When the discernment frame is , Use the Jaccard matrix D to modify the BPA:
Then the correlation coefficient between two pieces of evidence is defined as:
where m 1 , m 2 is the inner product of vectors, m 1 is the norm of vector.
H. JIANG'S CORRELATION COEFFICIENT
Jiang [68] proposed a correlation coefficient for the relativity between two BPAs. The concept of the correlation coefficient is defined as:
Based on Jiang's correlation coefficient. Jiang proposed a new conflict coefficient k r (m 1 , m 2 ) = 1 − r BPA (m 1 , m 2 ).
The expression for the above conflict measurement methods is briefly described in Table 1 .
IV. THE PROPOSED METHOD
In order to measure the degree of relevance between two pieces of evidence, a new correlation coefficient based on generalized information quality is proposed as follows:
Definition 9: When the discernment frame is , given two BPAs, the correlation coefficient based on generalized information quality is defined as follows:
First, a factor D is proposed, which reflects the relationship between the targets, and the formula is as follows:
where A and B only belong to non-zero focal elements in the discernment frame , which means just the non-zero focal elements in m 1 and m 2 will be concerned. Then use factor D to modify the BPA: Last, the correlation coefficient based on generalized information quality is as follows:
The correlation coefficient CIQ(m 1 , m 2 ) measures the relevance between m 1 and m 2 . The larger the correlation coefficient, the higher the relevance between m 1 and m 2 .
The conflict could be quantified by the relevance between two pieces of evidence. If the relevance is higher, the similarity between two pieces of evidence will be higher and the conflict of them will be lower conversely. So the correlation coefficient is inversely to the conflict measure.
The correlation coefficient based on generalized information quality has the following properties.
1. CIQ(m 1 , m 2 ) = CIQ(m 2 , m 1 );
5. If refine m 1 , m 2 from into , then CIQ(m 1 , m 2 ) = CIQ(m 1 , m 2 ).
Definition 10: When the discernment frame is , given two BPAs, a conflict coefficient based on generalized information quality k CIQ is defined as follows:
The larger the conflict coefficient, the higher the degree of conflict between m 1 and m 2 . When k C IQ = 1, m 1 and m 2 are in complete conflict. When k C IQ = 0 corresponds to the absence of conflict between m 1 and m 2 .
Example 1: When the discernment frame is X = {A, B, C}, two pieces of evidence are defined as follows:
The calculation process is as follows: It can be seen from Example 1 and Example 2 that when there is conflict or high degree of conflict between evidences, the correlation coefficient is small, while when there is no conflict or low degree of conflict between evidences, the correlation coefficient is large.
Example 3: When the discernment frame is X = {A, B}, two pieces of evidence are defined as follows: Example 4: When the discernment frame is X = {A, B}, two pieces of evidence are defined as follows:
When the value of x is changing from zero to one, the change of CIQ will shown in Figure 1 . It can be seen that when the value of x is 0 or 1, the value of CIQ are both 0, and when the value of x is 0.5, the value of CIQ is 1. When x goes from 0 to 0.5, it's easy to see that m 1 and m 2 become similar. As can be seen from figure 1, the value of CIQ also increases from 0 to 1. As x goes from 0.5 to 1, the difference between m 1 and m 2 gradually increases, and the value of CIQ drops from 1 to 0. These results are correspondent with our intuitive experience. To a certain extent,it can be proved that this method has good validity.
Example 5: When the discernment frame is X = {1, 2, 3, · · · , 20}, two pieces of evidence are defined as follows: · · · , 19, 20} changes. Table 2 and Figure 2 show the comparison of different conflict coefficients between m 1 and m 2 evidence when A changes.
It can be seen that the classical conflict coefficient k did not change with m 1 , and remained at 0.05. This is unreasonable. The curves of Pl C and k are almost overlapping, which means Pl C also can't measure the conflict between two BPAS. In addition, Figure 2 also shows the instability of the method of DisSim. As can be seen from Figure 2 , the proposed method has a relatively consistent trend with d BPA , DisSim, CWAC and k r in conflict measurement. When focal element A tends to focal element {1, 2, 3, 4, 5}, the conflict value decreases, while when focal element A deviates from focal element {1, 2, 3, 4, 5}, the conflict degree increases. However, the values of conflict by CWAC always maintain in a low level, which means it is insensitivity to reflect the variance of conflict. Therefore, it can be considered that the proposed correlation coefficient based on generalized information quality, Jiang's correlation coefficient k r and the evidence distance d BPA are more effective in measuring conflicts.
V. APPLICATION
In this section, a weighted average combination rule based on correlation coefficient is proposed, an example will be used for the combination. The results will be compared to the results of a combination of three different rules by Dempster [60] , Murphy [69] and Deng et al. [70] .
The calculation process for the proposed weighted average combination rule is shown as follows:
1) Let the number of bodies of evidence be k. Calculate the correlation coefficient between each piece of evidence and construct a correlation matrix(CM) as follows:
2) The support degree of the body of evidence is defined as:
3) The credibility degree Crd i of the body of evidence is defined as:
4) The weight average of the evidence is defined as:
5) Combining the weight averaged evidence for n-1 times with Dempster's combination rule. An example will be used to illustrate the effectiveness of the method. In the multi-sensor based automatic target recognition system, assuming the real target is A, the system collects five different pieces of evidence from different five sensors, as follows [70] : The weight average of the evidence is given as: The results obtained using the four different combination rules is shown in Table 3 . Table 3 shows that Dempster's combination rules [60] get counter-intuitive results when there is a conflict between the evidences. In the numerical example, m 2 is in high conflict with other evidence. Even if there is more evidence to support Target A, the results of the Dempster's combination rule [60] cannot reflect this fact, which is obviously unreasonable. It can also be seen that the results obtained using the other three methods are reasonable. Through the analysis of Table 3 , the support of Dempster's combination rule for target C is gradually increased, which is counter-intuitive. The other three methods are reasonable, However, when the number of evidence is not adequate, the proposed method is superior to Murphy's average approach [69] and modified average approach proposed by Deng et al. [70] . It is shown in Table 3 that the proposed method have much more belief on the target A than the other methods.
VI. CONCLUSION
The classical conflict coefficient k is widely regarded as a variable reflecting the conflict between evidences, but studies show that the classical conflict coefficient k cannot accurately represent the conflict between evidences. To deal with this problems in evidence theory, it is necessary to measure the degree of conflicts of belief functions. Therefore, the paper proposed a new correlation coefficient based on generalized information quality. It satisfies many desirable properties which make the proposed method more applicable. Because factor D effectively reflects the relationship between BPA. Therefore, the method more accurately reflects the correlation coefficient between BPA. Through some examples and comparison of different conflict coefficients, the effectiveness of this method is demonstrated. In addition, by using this new correlation coefficient CIQ as the weighting factor, a weighted average combination rule based on correlation coefficient is proposed, which is effective and feasible to handle the conflicting evidences. The case study in target recognition demonstrates the improvement of the accuracy of a target recognition system.
